Aims: To quantify the incremental exposure of root crops, at point of harvest, to enteric pathogens from sewage sludge applied to agricultural land according to current regulations and guidance (Safe Sludge Matrix). Methods and Results: A quantitative risk assessment based on the Source-Pathway-Receptor approach is developed for Cryptosporidium and salmonellas. Event trees are constructed to model the partitioning of pathogens present in raw sewage into sludge at the sewage treatment works and to model to the pathways by which root crops may be exposed to those pathogens after treatment and land application of the sludge. The main barriers are sewage sludge treatment, and decay and dilution of the pathogens in the soil. The exposures are expressed in terms of the arithmetic mean. This represents the total loading and accommodates fluctuations not only in the levels of pathogens present in sewage but also in the removal efficiencies by the various barriers. One source of uncertainty is the degree of by-pass of sludge treatment at operational scale. Conclusions: The models predict that land application of sewage sludge treated by conventional processes (achieving 2-log removal) increases the exposures of root crops to salmonellas and Cryptosporidium oocysts by counts of 0AE070 and 0AE033 kg )1 , respectively. These predictions are based on decay periods in the soil of 5 and 12 weeks, respectively, and are therefore worst case in not allowing for the full extent of no harvesting periods. A Monte Carlo simulation predicts that 0AE01% of 1-kg batches contained > 50 salmonellas and demonstrates that, for risk assessment, it is acceptable to use the arithmetic mean exposure directly in the dose-response curve. Significance and Impact of the Study: The predicted numbers of pathogens on root crops at point of harvest provide a basis for modelling the excess risks to humans consuming such crops. The approach underpins scientifically the Safe Sludge Matrix.
INTRODUCTION
In the United Kingdom, some 520 000 tonnes dry solids (tds) of sewage sludge (1996 ⁄ 97) are applied to agricultural land each year (WRc 1998) . Under the provisions of the Safe Sludge Matrix (http://www.adas.co.uk/matrix/), the application of raw (untreated) sludge is prohibited. For conventionally treated sludge (e.g. treated by mesophilic anaerobic digestion (MAD)) and enhanced treated sludge (e.g. treated by lime), the Matrix specifies time intervals between application of the sludge and agricultural use. A time interval of 12 months is specified for application of conventionally treated sludges and the harvesting of vegetables, which include root crops such as potatoes. For salad crops (including ready-to-eat crops such as lettuces, carrots and garlic) this time interval for conventionally treated sludges is extended to 30 months. For enhanced treated sludges, the Matrix specifies a 10-month harvest interval for salad and vegetable crops such that all applications comply with the Code of Practice for Agricultural Use of Sewage Sludge (Department of the Environment 1996) . In this paper, a quantitative model is developed to predict the incremental exposures of crops to pathogens from sewage sludge applied to agricultural land in accordance with the Safe Sludge Matrix. This provides a basis with which to assess the risks of infection to humans from consumption of such crops. The approach is illustrated for two pathogen types, namely salmonellas and Cryptosporidium oocysts, and is based on event trees. A similar method was used for estimating the risks from bovine spongiform encephalopathy (BSE) in sewage sludge for England and Wales as a whole (Gale and Stanfield 2001) .
The statistical approach to model the variation in exposures: arithmetic mean exposure vs Monte Carlo simulation
The arithmetic mean pathogen level describes the total pathogen loading in the medium and, in terms of meeting the objective of this work, is therefore judged as the appropriate statistical descriptor for quantifying pathogen exposures on root crops at point of harvest. The arithmetic mean pathogen level gives no information on how the pathogens are distributed within the medium and does not describe the variation in doses to which consumers could be exposed. Thus Gale (2001) considered two different scenarios (the Poisson distribution and Poisson-log-normal distribution) in which the same total number of Cryptosporidium oocysts were distributed across a population of drinking water consumers during a simulated outbreak of cryptosporidiosis. Assuming a linear dose-response relationship, Gale (2001) demonstrated that modelling the variation in oocyst doses ingested by individual consumers is not necessary at the Cryptosporidium levels present in drinking water during an outbreak. Indeed, Haas (1996) demonstrated mathematically that the arithmetic mean pathogen level is the appropriate summary descriptor of pathogen exposure for risk assessment. However, this simple approach begins to fail for high loadings of pathogen (or for highly infectious pathogens). Thus, in the case of rotavirus in drinking water, simply using the arithmetic mean overestimates the risk by a factor of threefold compared to the Monte Carlo approach which accommodates the lognormal variation in doses of viruses ingested by individual consumers (Gale 2001) .
Ignoring the variation and using the arithmetic mean is worst-case for the purpose of risk prediction Table 1 demonstrates how dispersion affects the risks to a population as a whole using a theoretical example of 10 6 pathogens on a single carrot. Not surprisingly, confining all the infectivity to a single carrot limits the number of infected people to the one (unlucky) person who consumes that carrot. However, dispersion of the pathogens across many carrots increases the numbers of people exposed and the risks to the population as a whole. Indeed, in the theoretical example in Table 1 , using the arithmetic mean and ignoring the extreme ÔclusteringÕ (or spatial heterogeneity) over-predicts the risks by 4181-fold, 124-fold and 12 330-fold for C. parvum, salmonella and Escherichia coli O157, respectively. It is concluded that for the purposes of predicting the risks from pathogens in crops, the simple approach of using the arithmetic mean is worst-case. To address by how much this approach could overestimate the risk, a Monte Carlo simulation is performed here for salmonellas.
MATERIALS AND METHODS
Quantitative exposure models are developed using the Source-Pathway-Receptor approach. Data for numbers of salmonellas and Cryptosporidium oocysts in raw sewage are available in the literature and are drawn upon here.
Source term: estimating pathogen levels in raw sludge
The source term is the amount of infectivity, or pathogen loading, in the raw sewage, which is separated into solid and liquid streams during wastewater treatment at sewage treatment works. The pathways are shown as an event tree in Fig. 1 . Primary treatment is a settlement process giving a raw primary sludge (solid stream) and a liquid primary effluent (settled sewage). The settled sewage goes on to biological (secondary) treatment, such as activated sludge, percolating filters or rotating biological contactors. For the purposes of the risk assessment here, activated sludge is modelled as the secondary treatment process.
Salmonellas. Yaziz and Lloyd (1979) presented data for salmonella levels in raw sewage. These are plotted as a lognormal distribution in Fig. 2 . The arithmetic mean was 3272 l )1 . After primary treatment (settlement) the arithmetic mean level in the settled sewage was 613 l )1 (Fig. 2) , suggesting that 81% of the salmonellas settled from the raw sewage into the raw sludge (Fig. 1) . The 19% remaining in the settled sewage (primary effluent) go on to secondary treatment, which for the purposes of the model here, is activated sludge treatment. This inactivates 90% of the salmonellas (Geldreich 1972) . It is assumed that 90% of those salmonellas surviving the activated sludge are returned by physical separation to the raw sludge. This is shown in the event tree in Fig. 1 , according to which each 1-l volume of raw sewage contributes 2713 salmonellas to the raw sludge. This raises the question of how many litres of raw sewage produce a litre of raw sludge. Sludge production is not an exact science. The suspended solid (SS) content of for raw sewage and 613 l )1 for settled sewage. Log-normal distribution for raw sewage defined by l ¼ 3AE219 and r ¼ 0AE525 (log 10 l )1 ) raw sewage is typically 120-450 mg ⁄ l (E. Pike, pers. comm.) . To produce 1 l of raw sludge of 2AE7% dry solids (i.e. 27 000 mg SS l )1 ) would require between 100 and 375 l of raw sewage (assuming 60% of the SS partitions into the raw sludge during primary treatment). For the purpose of the risk assessment calculation here, it is assumed that 200 l of raw sewage produce 1 l of raw sludge. The estimated arithmetic mean salmonella level in raw sludge is therefore 540 000 l )1 (Fig. 1) .
Cryptosporidium. Arithmetic mean levels of Cryptosporidium oocysts (corrected for the reported 31% recovery efficiency) in raw sewages from six sewage treatment works in Scotland are presented in Table 2 ( Robertson et al. 2000) . Assuming the six works are representative for the United Kingdom, it is appropriate to use the overall mean of 494AE6 oocysts l )1 for the purposes of risk assessment. This accommodates the considerable variation between works. Robertson et al. (2000) demonstrated that primary settlement is relatively inefficient at removing Cryptosporidium oocysts ( Table 2 ). The arithmetic mean removal ratio for three of the operational works studied is 18AE6%. This value is used in the event tree to model partitioning of oocysts into sewage sludge (Fig. 3) . According to this model, the remaining 81AE4% of oocysts in the settled sewage (primary effluent) go on to secondary treatment (activated sludge). There are two effects of activated sludge treatment on oocysts to consider: (i) destruction ⁄ inactivation during the period of typically 10 days in which the oocysts are exposed to unfavourable conditions in the floc; and (ii) physical removal from the effluent by partitioning after adsorption to sludge flocs. Settlement efficiency is determined not by the individual oocysts but by the flocs to which they are adsorbed.
The event tree in Fig. 3 assumes a 90% destruction of oocysts. This is based on data from Villacorta-Martinez de Maturana et al. (1992) who quantified the reduction in infection intensity after laboratory simulation of activatedsludge treatment on a wastewater, which was spiked with C. parvum oocysts. Control wastewater and wastewater 
128 l Data from a 3-year study by Robertson et al. (2000) treated by activated sludge treatment were given intragastrically to mice. The untreated wastewater infected 100% of mice, while the Ôwastewater after activated sludge treatmentÕ infected only 4AE8% and 6AE0% of mice. This suggests that activated sludge treatment inactivated at least 94-95AE2% of the oocysts. The true degree of inactivation may be greater still. Thus, Villacorta-Martinez de Maturana et al. (1992) reported that the intensity of C. parvum infection in the mice was reduced by 98AE98-99AE4% by activated sludge treatment. Unfortunately, it is not clear how to use this information in the event tree because there are no published data on how intensity of infection is related to challenge dose. The model assumes that 90% of those oocysts surviving the activated sludge treatment partition into the raw sludge during clarification (Fig. 3 ).
Pathways and barriers: the effect of sludge treatment, decay and dilution in the soil Figure 4 presents an event tree defining the pathway by which root crops are exposed to salmonellas in treated sewage sludge applied to agricultural land. The fractions define the proportion of the pathogen loading through the pathway and must add up to 1AE0 for the two arrows coming from each node. Arithmetic means (summarized in Tables 3  and 4 ) are required for each of the processes on the event tree. Using the arithmetic mean for each of the barriers accommodates the variation in removal efficiencies, and overcomes the need to perform Monte Carlo simulations (Gale and Stanfield 2000) . This is now illustrated for sewage sludge treatment.
Effect of sewage sludge treatment. The efficiency of pathogen destruction by a sludge treatment works varies considerably, reflecting both Ôbetween-batchÕ (temporal) and Ôwithin-batchÕ (spatial) variation. This is demonstrated for destruction of enteroviruses in sewage sludge at an anaerobic digestion plant (Soares et al. 1994) in Figs 5 and 6. The levels of enterovirus in raw and treated sludge samples collected monthly between June 1988 and May 1989 are plotted as log-normal distributions in Fig. 5 . The slopes of the lines reflect the variation (r) in the enterovirus levels between different samples. It is apparent that the enterovirus levels show greater variation in the treated sludge than in the raw sludge. This is because the removal efficiency is not constant but varies. For each monthly experiment reported by Soares et al. (1994) , the proportion (p surv ) of enteroviruses surviving digestion was calculated as:
where X raw and X treated are the entrerovirus levels in the sludge measured on a given day before and after treatment, Values of p surv of 0AE319 and 0AE00060 reflect percentage survivals of 31AE9% and 0AE06%, respectively. For n measurements, the arithmetic mean (AM surv ) of the proportions of pathogens surviving the treatment process is calculated as: (Francis 1988) . r 2 ¼ r 1 2 + r 2 2 + r 3 2 + r 4 2 + r 5 2 (Francis 1988) . Soares et al. 1994) . Log-normal (a) l surv ¼ ) 1AE542; r surv ¼ 0AE894 (log 10 ) and Beta
AM surv for the n ¼ 12 values of p surv plotted in Fig. 6 is 0AE0916 (i.e. 1AE04-log reduction). Thus overall 9AE16% of the viruses survived the treatment process. It can be shown mathematically (Gale, unpublished) that AM surv is the appropriate value to use for log-normally distributed datasets in risk assessments. AM surv is always weighted towards the poorer removal efficiencies (Fig. 6) . Two statistical distributions are fitted in Fig. 6 to model the variation in p surv . These are the log-normal distribution and the Beta distribution and, as discussed later, are important considerations in designing experiments to determine AM surv for the purpose of risk assessment.
Values for AM surv calculated by eqn 2 from laboratory scale data of Horan and Lowe (2001) for destruction of Salmonella senftenberg and Cryptosporidium by MAD and lime stabilization are presented in Table 3 . Both processes are very effective for S. senftenberg. However, the lime process achieved a net reduction of Cryptosporidium oocysts of only twofold. Thus, reductions of 0-log (p surv ¼ 1AE0) and 2-log (p surv ¼ 0AE01) were reported by Horan and Lowe (2001) for n ¼ 2 experiments, giving AM surv ¼ 0AE505 by eqn 2 (Table 3) . Stadterman et al. (1995) reported that C. parvum oocysts exposed to anaerobically digested sludge disappeared at a fast rate, with 99AE98% (3AE7-log) of the oocysts being inactivated within 24 h. This inactivation was comprised of a > 95% reduction in the numbers of oocysts in the sludge, in addition to a decrease in viability as measured by excystation.
According to the revised draft (1 August 2000, unpublished) of the UK Code of Practice for Agricultural Use of Sewage Sludge (Department of the Environment 1996), sludge producers must control the sludge treatment process, such that conventional processes give a 2-log reduction and enhanced treatment processes give a 6-log reduction. For the purpose of the event tree in Fig. 4 values of 0AE01 and 10 )6 are therefore used for AM surv for conventional and enhanced treatment, respectively.
Effect of by-pass of sludge treatment. By-pass is when a portion of the raw material is either untreated or not treated to the full extent. One example of by-pass is operational error, such that raw material gains entry to the final treated product. This has been shown for biogas digestion plants (Bendixen 1999 ). Short-circuiting of flow, dead spaces in the digester and inefficient mixing could contribute greatly to decreasing the net destruction by sludge treatment as discussed by Carrington et al. (1982) . Indeed, by-pass is so important that a risk assessment for composting of catering waste containing meat was based simply on determining the proportion of the raw material by-passing the Ôhot partÕ of the composting process (Gale 2002) . The impact of by-pass on AM surv can be quantified using eqn 2.
Decay of pathogens in sludge-treated soil. The die-off of salmonellas in sludge-treated soil is affected by several factors such as moisture, temperature and sunlight. Andrews et al. (1983) reported a T 90 (time for 1-log decay) for the winter period of 17 days; in the summer the T 90 was 3AE7 days. Over a period of 7 weeks between April and June 1976, Watson (1980) demonstrated a 2AE2-log reduction in salmonellas in soil to which treated-sewage sludge had been applied. Watkins and Sleath (1981) demonstrated a 2-log reduction for salmonellas over 5 weeks in soil to which raw sewage sludge had been sprayed. The experiment was conducted over 8 weeks in midwinter. The reduction over the 8 weeks may well have been greater than 2-logs since undetectable readings were recorded after 5 weeks. The approach adopted here in the risk assessment is conservative in not extrapolating the decay rates to the 12-month interval specified by the Safe Sludge Matrix between application of conventionally treated sewage sludge and harvesting of root crops. The model thus allows for only 2-log decay of salmonellas (Table 3) . Whitmore and Robertson (1995) studied the survival of C. parvum oocysts in sludge-amended soil mesocosms (2% w ⁄ w). At 10°C, the viability decreased from 91% to 60-70% over 30 days. Olson et al. (1999) demonstrated that decay of Cryptosporidium oocysts in soil samples was strongly influenced by temperature. Thus, a 1-log decay of oocysts required 12 weeks at 4°C but only 7 weeks for 25°C. At soil temperatures of ) 4°C, however, only 50% of the oocysts had decayed at 10 weeks. The risk assessment assumes a 1-log decay for Cryptosporidium oocysts in the soil (Table 3) .
Dilution in the soil. Gale and Stanfield (2001) calculated from data reported by (WRc 1998) that sewage sludge is applied with an arithmetic mean loading rate of 6AE57 tds year )1 ha )1 (10 000 m 2 ). Assuming the sludge is injected to a depth of 0AE25 m, and assuming the dry bulk density of subsoil is 1AE5 g cm )3 (Rowell 1997) , then the dilution factor is 571-fold (Gale and Stanfield 2001) . In effect the 6AE57 tds sludge is diluted into 3750 tonnes of soil. Dilution is represented in the event tree (Fig. 4) as the probability of a root crop colliding with a sludge particle (0AE001752) compared to the much greater probability of colliding with a soil particle (0AE998248) at point of harvest.
Receptor term
Expert advice obtained from crop growers suggested that as much as 2% (w ⁄ w) of root crops may be soil at the point of harvest. This figure may be used directly in the risk assessment. In terms of the event tree (Fig. 4) , this may be visualized as collision of 1 tonne of root crops with the 6AE57 tds of sludge. During this event, 0AE02 tonnes of the 6AE57 tds of sludge would be transmitted to the 1 tonne of root crops. This is the origin of the value of 0AE02 in Fig. 4 .
A prototype Monte Carlo simulation to model variation in salmonella levels on root crops at point of harvest A Poisson-log-normal distribution for salmonella counts on 1-kg portions of root crop was computed approximately by Monte Carlo simulation as described by Gale and Stanfield (2000) . The simulation is based on the log-normal distribution, which is described by two parameters, l and r. Values for these parameters for each of the five terms are set out in Table 4 . The objectives are threefold:
i To assess the effect of variation in each of the five terms on the variation in salmonella levels on crops at point of harvest. ii To give some estimate of the maximum salmonella level on crops. iii To provide some quantification of the degree to which ignoring the variation and simply using the arithmetic mean could overestimate the risk of infection from salmonellas ( Table 1) . The simulation uses the standard deviations (r) from the log-normal distributions for salmonellas in raw sewage (Fig. 2) and for the removal of viruses by treatment (Fig. 6 ) to predict the variation in salmonella densities in the treated sludge. From Fig. 1 , the salmonella levels in raw sewage (l )1 ) are converted into levels in raw sludge (kg )1 dry solids) by multiplying by a factor of 6144 (i.e. 3AE79-logs). Thus 3AE79-logs is added to the value of l ¼ 3AE22 (Fig. 2) to give l ¼ 7AE01 for the log-normal distribution defining salmonella levels in raw sludge (Table 4) . Leaving r unchanged at 0AE525 (Table 4 ) assumes in effect that the variation in salmonella levels in the raw sewage (Fig. 2) is preserved in the raw sludge. Similarly, to model salmonella destruction by sludge treatment, r is left unchanged at 0AE894, but l is decreased to )2AE92 so that the arithmetic mean removal is 2AE0-logs (Table 4) in keeping with conventional sludge treatment in Fig. 4 . There are no data (at present) with which to model the variation in dilution in the soil, decay in the soil and the amount of soil on crops at point of harvest. Values of l and r for these terms were chosen therefore not only to give a realistic degree of variation as judged from the 0AE1 percentile and 99AE9 percentile points in Table 4 , but also to ensure that the arithmetic mean values were identical to those in Fig. 4 . Values of l (¼ ) 4AE58 log 10 ) and r (¼ 1AE73 log 10 ) to define the log-normal distribution describing salmonella levels on root crops at point of harvest were calculated by summing l and r 2 , respectively, for each of the five component terms in Table 4 (Francis 1988) . A total of 100 000 random samples (h), representing salmonella levels kg )1 of root crops at point of harvest, were then drawn from this log-normal distribution using the Genstat Grandom directive (Genstat 5 Committee 1993). In practice, each 1-kg batch of root crops will contain an integer count (n ¼ 0, 1, 2, 3, 4, … 100,…) of salmonellas. It was assumed therefore that salmonellas are distributed according to the Poisson distribution for each value of h (see Gale and Stanfield 2000) . This in effect gives a Poisson-log-normal distribution.
RESULTS

Quantification of pathogen exposures at point of harvest
Arithmetic mean levels of salmonellas and Cryptosporidium oocysts as predicted for the raw sludge, MAD-treated sludge, sludge-treated soil and root crops at point of harvest are presented in Table 5 , using values of AM surv for MAD from Table 3 . Crop exposures calculated assuming the 2-log and 6-log pathogen reductions by conventional treatment and enhanced treatment, respectively, according to the revised draft (1 August 2000, unpublished) of the UK Code of Practice for Agricultural Use of Sewage Sludge (Department of the Environment 1996) are presented in Table 6 . The calculation is now demonstrated with salmonellas using the event tree in Fig. 4 .
Salmonellas
Salmonella levels in the raw (untreated) sludge. The estimated arithmetic mean salmonella level in raw (wet) sludge is 540 000 l )1 (Fig. 1) , which is comparable to the upper range of counts (230 000 salmonellas l )1 ) reported by Jones (1977) . Fennell (1977) reported a range of 400-110 000 salmonellas l )1 . Pike (1981) reported geometric mean (GM GM) and geometric standard deviations (GSD GSD) for salmonella counts in sewage sludges in England and Wales. Arithmetic means, calculated from those GM GM and GSD GSD as described by Crump (1998) , are 2700, 83 300 and 100 800 salmonellas l )1 for the raw sludges from three works. The arithmetic mean salmonella level of 540 000 l )1 used in the risk assessment here is consistent with a worst case on the basis of monitoring data. Quantities of sewage sludge applied to land are specified as dry weight. Assuming 2AE7% (w ⁄ w) dry solids, 540 000 salmonellas l )1 is equivalent to 2AE01 · 10 10 tds )1 raw sludge (Table 5) .
Effect of sludge treatment. A 2-log destruction of salmonellas by conventional treatment would reduce the arithmetic mean to 2AE01 · 10 8 salmonellas tds )1 treated sludge (Fig. 4) . A further 6-log destruction by enhanced treatment reduces this to 201 salmonellas tds )1 of enhanced treated sludge. Applying enhanced treated sludge at a rate of 6AE57 tds ha )1 year )1 would therefore give a net loading of 1AE32 · 10 3 salmonellas ha )1 .
Decay and dilution in the soil. After 5 weeks in the soil, a 2-log decay (Table 3) would reduce the loading to 13AE2 salmonellas ha )1 . Because the mass of soil into which the sludge is tilled in is 3750 tonnes, it may be calculated that the salmonella level in the soil at 5 weeks postapplication is 3AE52 · 10 )3 tonne )1 (dry weight). A tonne of root crops with 0AE02 tonnes of soil at point of harvest will therefore contain 7AE04 · 10 )5 salmonellas.
Using the event tree. This calculation can be performed more succinctly using the event tree in Fig. 4 . The arithmetic mean salmonella level in raw sludge is 2AE01 · 10 10 tds )1 (Table 5) . Following the event tree through, the arithmetic mean incremental exposure to root crops at point of harvest is calculated as:
This is equivalent to 7AE04 · 10 )8 salmonellas kg )1 of root crops at point of harvest (Table 6 ). MAD treatment of sludge gives a 4AE24-log destruction of salmonellas as measured at laboratory scale (Table 3) . Applying MAD-treated sludge to soil and harvesting crops 5 weeks after application would give an incremental exposure to root crops of 0AE00041 salmonellas kg )1 at point of harvest (Table 5 ).
Cryptosporidium oocysts
The predicted level of Cryptosporidium oocysts in the raw (wet) sludge is 25 707 l )1 (Fig. 3) . Chauret et al. (1999) reported an arithmetic mean Cryptosporidium oocyst level of 5290 l )1 wet mixed sludge (comprising raw sludge and the waste activated sludge) at a wastewater treatment plant in Canada. As for salmonellas, therefore, the model is erring on the worst case on the basis of monitoring data. Allowing for a 2AE33-log destruction of oocysts by MAD (Table 3) , the model predicts 1AE5 · 10 )2 oocysts kg )1 harvested 12 weeks after application of MAD-treated sewage sludge (Table 5) .
Allowing for 12-month time interval between application of sludge and harvesting
Log decays extrapolated to the 12-month time interval specified by the Safe Sludge Matrix are presented in Table 3 . In the case of salmonellas, root crop exposures from application of MAD-treated sewage sludge allowing Cryptosporidium (Fig. 3 *Soil decay rates used are those determined within time frame of experiment (Table 3) , i.e. without extrapolation to 12-month time interval of Safe Sludge Matrix. Conventional treatment + enhanced treatment (6-log reduction) (counts kg )1 crop)
Conventional treatment + enhanced treatment (6-log reduction) with 1% by-pass of enhanced process (counts kg )1 crop)
Cryptosporidium (Fig. 3 ) 0AE033 0AE066 3AE34 · 10
*Soil decay rates used are those determined within time frame of experiment (Table 3) , i.e. without extrapolation to 12-month time interval of Safe Sludge Matrix.
for the 20AE8-log decay extrapolated over the 12-month period are remote fractions kg )1 (Table 7) . Indeed, according to the model, even the application of raw sludge has a negligible salmonella contribution to crops at point of harvest if the log-decay continues linearly over the 12 month interval (Table 7) . Cryptospordium oocysts survive for longer periods in the soil. The model predicts 7AE0 · 10 )6 oocysts kg )1 of root crops harvested 12 months after application of MAD-treated sludge.
The effect of enhanced sludge treatment
Lime stabilization is performed after MAD, although it should be noted that not all enhanced treatment processes follow on from MAD. Pathogen exposures on root crops from application of lime-treated sewage sludge are presented in Table 7 and in the case of salmonellas represent remote fractions kg )1 even without extrapolation of the soil decay to the full 10 months specified for enhanced-treated sludges. According to Table 3 , lime stabilization reduces the number of Cryptosporidium oocysts only twofold. Therefore, the oocyst exposure to crops from lime-treated sludge (7AE8 · 10 )3 ; Table 7 ) is only half that from MAD-treated sludge (1AE5 · 10 )2 ; Table 5 ).
Effects of by-pass of sludge treatment
The effect of by-pass of the sludge treatment process on the crop loadings is presented in Table 6 . By-pass would have a considerable impact on the 6-log reduction required for enhanced treatment processes by the revision (unpublished draft of 1 August 2000) of the UK Code of Practice for Agricultural Use of Sewage Sludge (Department of the Environment 1996). Thus, a process which achieves a 6-log destruction 99% of the time but a 0-log reduction 1% of the time (e.g. due to 1% by-pass of the process), achieves only a net 2-log destruction. This is calculated from eqn 2 as:
where n ¼ 100, and for 99 experiments p surv ¼ 10 )6 but for one experiment p surv ¼ 1AE0. In terms of pathogen exposure to root crops, a 1% by-pass of the enhanced treatment process in Fig. 4 would increase the pathogen loadings on root crops by 10 000-fold (Table 6 ). The impact of by-pass on conventional treatment processes is much less with 1% by-pass of a 2-log process doubling AM surv from 0AE01 to 0AE02. Thus 1% by-pass of a conventional process in Fig. 4 doubles the pathogen level on the root crops (Table 6) .
Results of the Monte Carlo simulation for salmonellas
Salmonella count bins and the percentages of 1-kg batches of root crop falling into each bin according to the simulated Poisson-log-normal distribution are presented in Table 8 . The majority of 1 kg root crop batches (99%) contained 0 salmonellas and 0AE57% contained just a single salmonella cell. However, a very small proportion contained higher counts. Thus, 0AE1% of 1 kg batches of root crops at point of harvest contained six or more salmonellas. The maximum in the 100 000 exposures (h) drawn by Monte Carlo simulation was 706 salmonellas kg )1 . The risk of salmonella infection to humans consuming 1-kg portions calculated using those 100 000 exposures (h) drawn form the log-normal distribution (and the salmonella dose-response curve in Table 1 ) was very similar to that calculated by using the arithmetic mean (0AE046 salmonellas kg )1 ) directly in the dose-response curve (results not shown). The Monte Carlo simulation thus Cryptosporidium (Fig. 3) 1AE5 · 10
7AE8 · 10 )3 *Soil decay rates used are those extrapolated to 12-month time interval of Safe Sludge Matrix (Table 3) . Soil decay rates used are those determined within time frame of experiment (Table 3) , i.e. without extrapolation to the 10-month time interval which will apply for enhanced treated sludges. supports use of the arithmetic mean pathogen exposure for risk assessment purposes.
DISCUSSION
A mathematical approach has been developed for quantifying arithmetic mean pathogen levels on root crops from the application of sewage sludge to agricultural land. The models may require modification and fine tuning as and when further data become available. The models allow the effect of sewage sludge treatment to be assessed. Thus, although predicted levels on root crops are in the 0AE01-0AE1 kg )1 range for 2-log destruction by conventionally treated sludges, the additional 6-log destruction by enhanced treatment reduces the pathogen levels to remote fractions kg )1 (Table 6 ). Pathogen destructions determined for MAD at laboratory scale (Table 3 ) predict still smaller exposures for conventional treatment (Table 5) , although the impact of by-pass at operational scale has to be considered (Carrington et al. 1982) . Thus 1% by-pass of the MAD process would reduce the net removal from 4AE24-logs to just 1AE997-logs according to eqn 2. The models also give an indication of the potential significance of the 12-month time interval specified by the Safe Sludge Matrix on minimizing pathogen exposures on root crops (Table 7 ). The models err on the side of worst case. From Fig. 4 , it can be calculated that the level of salmonellas 5 weeks after application of raw sludge would be 35AE2 ⁄ 100 g soil. This is considerably higher than the salmonella count of 1 ⁄ 100 g of soil recorded by Watkins and Sleath (1981) at 5 weeks after spray application of raw sewage sludge.
The multiple barriers approach
A fundamental assumption of the event tree approach (Fig. 4) adopted here is that the effects of multiple barriers are additive, i.e. pathogens surviving sludge treatment do indeed decay on the soil. This is supported by data from Hu et al. (1996) who demonstrated considerable destruction of Giardia cysts in anaerobically digested sludges after application to soils (10 tds ha )1 ) in Western Australia. However, leaching of the cysts to lower soil layers cannot be ruled out in that work. Further evidence supporting the additive effects of decay and sludge treatment on pathogen destruction comes from the study of Watson (1980) , in which a 2AE2-log decay of salmonellas from MAD-treated sewage sludge was observed in the soil over a period of 7 weeks.
Accommodating the variation
Levels of pathogens in raw sewage, and hence in sewage sludge, vary with time of day, from day to day and from works to works (Yaziz and Lloyd 1979; Watkins and Sleath 1981) . Some pathogens (e.g. campylobacters) also show seasonal variation in sewage sludge (Jones et al. 1990 ). In general, the variation in pathogen levels in raw sewages (Fig. 2 ) and sewage sludges (Fig. 5) are described by lognormal distributions. For the purpose of risk assessment, the arithmetic mean pathogen level is the appropriate estimator of exposure, even for log-normal distributions (Haas 1996; Crump 1998; Gale and Stanfield 2000) . In addition, there will be variation in the rate of removal or destruction of pathogens by each of the pathway barriers. This is because the destructive effect is not constant but varies, as demonstrated for the enterovirus removals by digestion in Fig. 6 . However, AM surv as calculated in eqn 2 is the appropriate summary descriptor of removal both for a log-normal distribution and a Beta distribution of removal efficiencies. Indeed, AM surv may be used directly in the event tree (Fig. 4) for each process, thus eliminating the need for complex Monte Carlo simulations. This is shown in Table 4 , where starting with an arithmetic mean of 2AE01 · 10 7 salmonellas kg )1 (dry solids) raw sludge, the loading on crops at point of harvest is calculated simply by multiplying through the arithmetic means for each of the terms. Thus 2AE01 · 10 7 ‚ 100 ‚ 571 ‚ 100 · 0AE02 ¼ 0AE070 salmonellas kg )1 at point of harvest. The amount of sewage sludge applied to individual fields will also vary. The model uses an arithmetic mean application rate for sewage sludge of 6AE57 tds ha )1 years )1 which takes into account the fact that loadings as high as 10 tds ha )1 years )1 are not uncommon in the England and Wales (WRc 1998). Indeed, the Monte Carlo simulation (Table 4 ) allows for poor dilution (< sixfold) in some fields to which sludge has been applied, low decay rates (<1AE4-fold) on the soil for a small proportion of salmonellas and high soil loadings (>7AE4% w ⁄ w) on a small proportion of crop batches. Even with this degree of variation, only 0AE014% of 1-kg batches of root crop contain more than 50 salmonellas according to the Monte Carlo simulation in Table 8 .
Assessing the uncertainty
Estimation of the net pathogen loadings in the raw sewage. Uncertainty in the arithmetic mean pathogen level calculated from a given set of monitoring data could arise because a rare sample with very high counts has been missed. This is discussed for drinking water samples by Gale and Stanfield (2000) . In the risk assessments presented here, this is overcome by using datasets comprising many samples. For example, the arithmetic mean Cryptosporidium oocyst level of 494AE6 oocysts l )1 was based on 118 samples (Table 2) . Datasets in which the Ôall-importantÕ high count samples are ÔcensoredÕ (e.g. Watkins and Sleath 1981) have not been used here. The recovery efficiency of the microbiological method of analysis is included formally in the risk assessment for Cryptosporidium (Table 2) .
Partitioning of pathogens into the raw sludge at the STWs. Settlement (primary treatment) does not appear to increase the variation in levels of salmonellas in the settled sewage relative to the raw sewage. Thus the log-normal plots are roughly parallel in Fig. 2 , unlike the effect of sludge treatment (Fig. 5) . This suggests that the partitioning of salmonellas present in the raw sewage into the raw sludge is relatively constant. Furthermore, the parameters used in models for partitioning have relatively little impact on the predicted crop exposures. Thus, the model for Cryptosporidium assumes that just 18AE6% of oocysts settle into the raw sludge during primary treatment (Fig. 3) . This is based on data of Robertson et al. (2000) from an operational STWs (Table 2) . Stadterman et al. (1995) , however, reported a mean removal of 83AE4% for primary settling in a laboratory simulation. Substituting this value into the event tree on Fig. 3 would predict 83 981 oocysts l )1 wet sludge, i.e. a factor of 3AE3-fold higher. The data of Robertson et al. (2000) represent an operational works and, although more optimistic, have been used in the model.
Removal efficiency by sewage sludge treatment. One source of uncertainty arises from the experimental design due to Ôwithin-batchÕ and Ôbetween-batchÕ variation. For a treatment process which increases the variation in counts in the treated product relative to the raw material (Fig. 5) , sampling methods will tend to underestimate the arithmetic mean in the treated product to a greater degree than in the raw material. This contributes to an underestimation of AM surv and hence the risk to the population (Gale and Stanfield 2000) . Results from eight (66%) of the 12 single experiments reported by Soares et al. (1994) underestimated AM surv to some degree (Fig. 6) . Indeed, three (25%) of those 12 single experiments underestimated AM surv by > 10-fold. This emphasizes the importance of understanding the statistical distribution of p surv . According to the Beta distribution fitted in Fig. 6 , some 21% of single experiments would underestimate AM surv (and hence the pathogen level on root crops) by > 10-fold. Further uncertainty in the magnitude of AM surv achieved at operational scale will arise from by-pass. The impact of by-pass is much greater for the enhanced treatment processes than for the conventional treatment processes (Table 6 ).
Decay of pathogens in the soil environment. Pathogen decay data used in the models in Table 5 and Table 6 are not extrapolated beyond the time scale of the experiments to the full lengths of time specified by the Safe Sludge Matrix. In this respect the pathogen exposures in Table 5 and  Table 6 are worst-case. The effect of decay over the full time interval of the Matrix potentially has a huge impact on pathogen loadings on crops (Table 7 ). However, it should be noted that any uncertainty in the experimental decay data is multiplied up during the extrapolation. There is no experimental evidence to support the extrapolation of pathogens decay data over a period of 12 months. Bolton et al. (1999) demonstrated a linear decay of 5-log units for a non-toxigenic strain of E. coli O157:H7 over 50 days on the surface of grazing land. Their study provides evidence supporting the extrapolation of decay curves up to 5-log decay. However, it should be noted that the faecal samples were spiked with cultured bacteria, and the results may not be directly applicable to environmentally stressed organisms.
Loading of soil on root crops at point of harvest. On the basis of information provided by a processing company, the model assumes 2% (w ⁄ w) of root crop is soil at point of harvest. Root crops are considered to have the highest soil loadings of the categories of crop type specified in the Safe Sludge Matrix. This is supported by data from Geldreich and Bordner (1971) , which suggested that root crops have higher loadings of faecal coliforms compared to leafy vegetables. Modelling root crops appear to be the worst case. However, recent work by Solomon et al. (2002) suggests internalization of pathogens by lettuce leaves. The pathogen levels calculated here for soils could serve as a basis for modelling this situation.
